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ABSTRACT
In the petrochemical industry, schematic interfaces have been traditionally used as the main
interface for console operators to monitor activities. There is limited research in this industry
investigating alternative interface types to better support console operator’s decisions during
alarm management. Furthermore, even less of that research includes eye-tracking as a measure
for console operator situation awareness (SA). This research aimed to investigate an alternative
interface, called a functional interface, in its level of support of console operator situation
awareness, accuracy, subjective workload, and average response time. Additionally, eye-tracking
was incorporated to explore its value as measure for situation awareness on interfaces in
petrochemical control rooms.
This research used a 2x3 factorial design to explore the effects of interface type (schematic vs.
functional) and complexity level (easy, medium, and hard) in engineering students at Louisiana
State University (LSU). The experiment involved three 30 minute simulations on either the
schematic or the functional interface design of a main overview display that is typically seen in a
refinery. The dependent variables included SA, subjective workload, accuracy, average response
time, and eye fixation percentages for certain areas of interest (AOI).
The mixed model analyses showed that there were no significant differences between interface
types for any dependent variables except for the eye fixations in non-AOIs during non-alarm
times. Participants spent significantly less time looking at non-AOIs during non-alarm times for
the functional interface than the schematic. For complexity levels, there were no significant
differences except for average response times. Average response times were were significantly
higher for the medium level then the easy or hard levels. Also, the eye-tracking results showed
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that participants spent significantly less time in the intended AOIs and non-intended areas on the
easy complexity level than the medium or hard.
There was a significant positive correlation between the fixation percentages of the intended AOI
during alarm times and SA1, indicating that eye-tracking was able to capture participants
noticing process deviations during the simulation. Eye-tracking appears to be a good measure of
SA1 among console operators. Overall, this research does not provide evidence that functional
interfaces provide more support of console operator SA, workload, or performance.
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CHAPTER 1. INTRODUCTION
1.1 Problem Statement
The safety and productivity of facilities in the petrochemical industry heavily rely on console
operators. Operators are required to monitor processes continuously, using multiple control room
interfaces for prolonged periods of time. More specifically, they must effectively detect and
address any deviations that challenge the safety of the facility while optimizing plant operations
(Bonfante, 2007). When unexpected events occur, there can be an overload of information that
the console operator must sort through to make decisions (Sheridan, 2002). Too often, operators
struggle to return the facility operations back to a steady state after an unexpected event occurred
because they do not understand what initiated the problem in the first place (Izarra, 2009). In
order to make safe, appropriate decisions and execute them effectively, console operators need to
have an accurate assessment of the overall status of the facility and not just an assessment of the
event at hand.
Given the demanding tasks that monitoring facilities require, console operators’ cognitive
workloads tend to be higher with lower degrees of automation and lower with higher degrees of
automation (Jou et al., 2009). Humans have a limited amount of attention. Higher cognitive
workloads challenge console operator’s limited attention and can have negative impacts on
situation awareness (SA) of the system’s processes (Endsley, 1996). Situation awareness is
essential for effective decision making. Therefore, it is imperative that good situation awareness
is maintained to reduce the chance of human errors.
In main control rooms (MCR), the computer is used as a mediator for the console operator to
execute tasks in the physical world (Helander et al., 1997). From the perspective of human
information processing within computer systems, 10 levels of automation (LOA), from 0 to
1

100%, have been developed to define to the amount of supervisory control that console operators
have in a given task (Sheridan, 1987). The lower the level of automation provided by the system,
the higher the cognitive workload is for the console operator and the less attention they have
available to make vital decisions. Therefore, the LOAs programmed into the interfaces that
console operators use should be allocated appropriately to support the type of tasks that they
execute and reduce human errors (Jou et al., 2009).
Overview displays are one way that MCR interfaces aim to support console operator SA while
monitoring the facility. Traditional overview displays mimic the exact physical layout of the
facility that the console operators are monitoring. These illustrations are commonly represented
as schematic (process) displays with lines connecting the different equipment to indicate the
facility’s process flow. In these displays, console operators rely on additional screens (i.e., alarm
summary pages and equipment trends) to inform them of all current issues in the facility. This
design method does not always successfully relay the necessary information needed for console
operators to make critical decisions quickly. For example, an incident at a Texaco oil refinery in
the UK on July 24, 1994 happened after the two operators on duty received almost 300 alarms
only 10 minutes. This led to an explosion injuring 26 people. The Health Safety and the
Environment (HSE) later cited that the two main causes of the explosion were poor interface
display and alarm prioritization (Bransby & Jenkinson, 1998). Also, in 2004 the National
Transportation Safety Board (NTSB) investigated an accident where a pipeline rupture released
204,000 gallons of anhydrous ammonia in an agricultural area in Kansas. The report said that the
major contributor to the cause of the accident was, “A failure of the pipeline controller to
accurately evaluate the operating data and initiate a timely shutdown of the pipeline” (p.14)
(National Transportation Safety Board (NTSB), 2004). Further investigation found that the
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pipeline controller was using a tabular screen (which the pipeline controller supervisor advised to
use as the main screen) to evaluate and address the alarms. The trend screen was to be used as a
secondary screen to further investigate an alarm the situation had caused. The pipeline controller
mentioned that viewing the trend screen would have been helpful in addressing the alarms
(National Transportation Safety Board (NTSB), 2004).
Research suggests that traditional schematic displays are not optimal in supporting console
operator SA while monitoring for abnormal events (Tharanathan et al., 2010). One reason is
because schematic displays depict dynamic information in a static way (via process lines and
components). This requires a higher cognitive demand to assess the overall status of the facility.
For dynamic environments like MCRs, a more effective interface should present important
information pertaining to the overall status “at a glance”.
Functional displays are an alternative interface that group items by a hierarchy of control
functions, allowing console operators to see the overall facility status with less mental effort in
comparison to other display types (Wu, 2012). This gives console operators the advantage of
maximizing their SA of the facility status and identifying existing issues more quickly.
Additionally, operators would have more attention left for decision making and addressing a
current issue more efficiently. Only a few studies investigate the effect of interface type on
console operator’s situation awareness. Even fewer studies evaluate the effect that functional
interfaces have on console operator situation awareness. Therefore, the focus of this study was to
compare the level of situation awareness of using functional displays in comparison to traditional
displays.
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CHAPTER 2. LITERATURE REVIEW
2.1 SA
History has shown that high SA is an important factor in preventing accidents from occurring.
The pipeline rupture in the agriculture area in Kansas National Transportation Safety Board
(NTSB) (2004) or the explosion at the Texaco refinery Bransby and Jenkinson (1998), may have
been prevented if the operators had a better understanding of their surroundings. Maintaining
good SA helps ensure that changes within a dynamic environment is identified before
unexpected events occur.
In order to make good decisions and perform well, it is essential to fully understand the current
situation at hand and the environment surrounding it. In MCRs, situations requiring appropriate
intervention are always changing. Therefore, console operators need to maintain high levels of
SA in order to understand the status of the facility they are monitoring and to be able to pinpoint
any problems that arise. The interfaces must support the level of SA needed for monitoring. SA
is defined as the perception of elements in the environment within a volume of time and space,
the comprehension of their meaning, and the projection of their status in the near future
(Endsley, 1996). According to the model, situation awareness is categorized into three different
levels: level 1 SA, level 2 SA, and level 3 SA (Endsley, 1996). Level 1 SA involves perceiving
critical factors within the environment. Level 2 SA involves understanding those critical factors,
and level 3 SA involves understanding what will happen to the system in the future.
Situation awareness is often measured in addition to other measures in research. For example, in
addition to using the SAGAT, Gartenberg et al. (2014) included eye tracking to measure
situation awareness recovery among operators. They proposed the concept of situation awareness
4

recovery (SAR). SAR is when an operator is continuously switching tasks to assess situations,
afterwards they must reassess the environment to regain SA of the overall status Gartenberg et
al. (2014). They investigated the perceptual and cognitive processes that are involved in SAR by
using eye-tracking, SAGAT, and different types of interruptions throughout the experiment to
identify SAR characteristics. Their results showed that increased scanning (to compensate for
memory decay) and previously viewed cues were important characteristics to stimulate memory
traces of task goals.
2.1.1 What Affects SA
Automation directly affects SA. One reason is due to the loss of vigilance and complacency
associated with monitoring the automated system (Endsley, 1996). In visual displays, people
often fail to perceive changes if they occur at the same time as momentary visual changes. This
is known as the “Change blindness phenomenon” (CB) and is common among individuals using
visual displays in complex environments (Simons & Ambinder, 2005).
Task switching also affects SA. Response rates tend to be considerably lower and more errorprone after task switching (Monsell, 2003). Squire et al. (2006) investigated the effects of
interface type (varying between manual, selectable, and fully automated) on operator’s ability to
switch tasks while supervising unmanned vehicles. Their results showed that more automation
resulted in slower operator switch times, suggesting that more automation can have a negative
effect on SA.
Data overload also affects console operator SA (Reising & Bullemer, 2008). A console operator
is required to monitor potentially thousands of data points scattered on multiple monitors in a
DCS interface. Therefore, in order to maintain SA, the console operator must call up information
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from numerous displays and compare values to their mental models. If there is too much data to
compare and analyze, the console operator will be unable to accurately assess the situation at
hand and SA will suffer.
Workload can also have an effect on console operator SA. Workload levels that are too high
and/or too low may negatively impact SA (Endsley, 1993). Therefore, providing an environment
or a system where workload demands are balanced between the extremes will help support the
user’s SA.
2.1.2 How to Measure SA
SA can be measured in four ways: performance, subjective ratings, simulation, and physiological
measures (Gawron, 2008). With regards to human computer interaction (HCI), SA is usually
measured using the performance method. The most widely used measure of SA, also a
performance measure, is the SA global assessment technique (SAGAT), developed by Endsley
(1987). The SAGAT involves freezing the computer screen at random times prompting the user
with multiple choice probes in regards to their current SA. Another measure of SA used in HCI
is a subjective measure, the situational awareness rating technique (SART). This is a
questionnaire based measure that focuses on measuring operator knowledge of demands on
attentional resources, supply of attentional resources, and understanding of the situation (Endsley
et al., 1998). The third measure of SA is through simulating a computational model of SA. This
measure has three components. First is including situational elements where parts of the
environment that define the situation are present. Second are context-sensitive nodes where
collections of semantically related situational elements are presented. Finally, there is a
regulatory mechanism that assesses the situational elements for all nodes (Shively et al., 1997).
Lastly, physiological measures (like EEG and EOG) can be used in conjunction with any of the
6

other measures of SA. Physiological measures are often measured with other cognitive areas like
workload and can be measured while the participant is performing the other experimental tasks
(French et al., 2007).
Since SA can be measured on both a subjective and objective basis (SART and SAGAT for
example), multiple measures are often used in conjunction in research. However, few studies
have included eye tracking as an objective measure for SA in console operator systems.
Including eye-tracking measures will provide a window into where the user’s visual attention is
during the experiment. Since display types have an effect on SA and workload among console
operators (Wu, 2012), eye-tracking data would be a useful tool to incorporate into a study. Eyetracking will help further complete the picture of the console operator’s experience while
monitoring the facility.

2.2 Console Operator Roles and Environment
MCRs in the petrochemical industry have facility equipment, chemical parameters, and
temperature levels which are monitored by console operators on automated screens using alarms
attached to each element throughout the facility. If any element reaches a preset threshold, an
alarm will trigger the system which notifies the console operator. Then, the operator will
diagnose the issue and execute a solution to bring the element’s level back into a safe range. A
console operator’s tasks typically involve planning, teaching, monitoring, intervening, and
learning the systems and processes within the facility (Sheridan, 2002). In this dynamic
environment, there are numerous information sources continuously competing for console
operator’s attention. When console operators need to address an issue quickly, these competing
sources have the potential to misdirect their attention.
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Monitoring is one of the major tasks that console operators have in their job. They are required to
monitor continuously for long periods of time. In general, humans are poor monitors especially
when responsible for multiple tasks (Singh et al., 1997). However, automation increases the need
for continuous monitoring. During an emergency, human behaviors can change considerably
(Rook & Donnell, 1993). Maintaining a high level of SA while endlessly monitoring can prove
to be a difficult challenge considering the limited attention capacity that humans have. Tasks that
are much easier to execute during normal conditions become much harder to execute in
emergencies. The console operator must have a good understanding of the information presented
by the automated system in order to make safe and effective decisions. When unexpected
situations occur and there is an overload of information with a limited amount of time to
respond, console operators are expected to distinguish novel sources of information under this
situational stress (Hancock & Szalma, 2003). Diagnosing facility issues within complex
automated systems such as those in many MCRs becomes very difficult. Even if the console
operator is better equipped to perform the task than the computer system, the high level of
information processing for a console operator during an unexpected situation allows for a higher
chance of committing an error. Although automation can reduce console operator workload,
improve safety, and enhance control over the tasks at hand, a poor interface design can greatly
compromise these outcomes (Jou et al., 2009). Therefore, it is important to design interfaces that
relay information to console operators in a way that supports console operator decision making.

2.3 The Evolution of Control Room Interfaces
In earlier, more conventional MCRs, console operators interacted with the physical facility
through control panels. These panels consisted of hard wired alarm systems with dials, switches,
buttons, and lights that alerted the console operator of current issues in the facility. Physically
8

wiring each alarm into the system was a tedious and expensive process, therefore alarms that
were installed in the system were done so sparingly (Bonfante, 2007). Console operators would
then address and diagnose those alarms using strip charts, panel lights, and field operator
support.
Since then, more digitally, automated systems have been installed. Control rooms now use
multiple computer monitors to track the facility status (Corrigan & Starkey, 1984). These new
systems, Distributed Control Systems (DCS), became a more cost effective alternative to the
more traditional hard wired systems (Bonfante, 2007). Incorporating DCS allowed for better
facility control and monitoring due to the ease of adding more alarms associated with more
facility components. Since the evolution of control room interfaces over the years, the roles of
console operators have also evolved. Console operators have changed from using manual
controls to a more supervising role.
However, from incorporating new technology, new challenges arose. Now that alarms are much
cheaper to implement and multiple monitors are used concurrently, control room systems tend to
have too many alarms incorporated. Therefore, these newer systems designed for aiding console
operators ends up flooding operators with information instead. One result of this flood of
information is habituation. Over the years, interviews with domain experts have revealed that
control room operators tend to ignore alarms (Li et al., 2012). Therefore, there needs to be an
appropriate balance between the effectiveness of the information systems provide and the
console operators who use them. It is imperative that the system interfaces console operators use
are dependable enough to support their actions.

9

2.3.1 Overview Displays
Overview displays (OD) are one tool designed to support the console operator maintaining the
status of the facility. ODs illustrate the entire facility and its elements on one screen in which the
console operator can zoom in for a closer look at components that may pose potential issues or
be in alarm. During unexpected events when alarms flood the system, console operators can view
a tabular summary of occurring alarms on a separate monitor from the OD. This allows the
console operator to navigate between the OD and the alarm summary to sort and prioritize the
alarms that need to be addressed first.
2.3.2 Schematic Interfaces
Traditionally in MCRs in the petrochemical industry, schematic interfaces are used as the
overview display. These mimic the exact physical layout of the entire facility through graphical
DCS interfaces. This layout typically resembles a process-driven flow diagram with lines
connecting pumps, valves and other components to indicate the flow of production (Wu, 2012).
To better aid the console operators while they monitor the system, components are displayed in
different colors corresponding to the status of that component (i.e., red indicates an alarming
component in which the values would be critically out of parameters, green indicates that
components were running in steady state).
In addition to monitoring the facility through the interfaces and alarm summaries, other monitors
in the control room project component value trends (given in real-time), so console operators
could track component status over time better. The tabular summary and component trends are
designed to support the mimicked plant facility. Research suggests that this process of
monitoring puts a heavy cognitive strain on console operators, making diagnosing issues
problematic and complex (Tharanathan et al., 2012). This is especially problematic considering
10

that as stress increases, humans reduce the number of information sources and fixate more on a
single information source until the stressful situation ends (Hancock & Dirkin, 1983). This heavy
cognitive strain on console operators in conjunction to alarm habituation can potentially lead to
misses of critical events occurring in the facility. In the petrochemical industry, the estimated
cost of the failure for the automated control systems or the console operators to control abnormal
situations is estimated to be $20 billion annually (Bullemer & Nimmo, 1994).
2.3.3 Functional Interfaces
Functional interfaces are another type of overview display designed to present information so
that console operators can more quickly assess the overall facility status with less cognitive effort
in comparison to schematic displays, which mainly focus on the status of subsystems (Wu,
2012). These interfaces group graphical objects according to a hierarchy of control functions and
represent them within boxed areas. This way, console operators can see the overall status of the
facility because the organization of the component information is divided in subsystems. The
subsystems are organized consistently with their functional relation to the facility (Tharanathan
et al., 2010). Wu (2012) conducted a laboratory experiment evaluating the effectiveness of a
functional display based on a Functional-Based Task Analysis method (FBTA) in comparison to
the traditional display in the nuclear industry. The results showed that the console operators had
significantly lower false diagnosis rates, higher SA scores, and lower subjective workload. A
study by Ding et al. (2014) exploring the effects of functional organization of information on
interfaces through a simulated computerized emergency operation task found that performance
was more positively affected by functional displays than in the process displays. A study
examining the effects of interface type (functional vs. schematic) on console operator’s SA in an
overview display, found that operator’s SA was significantly higher when they monitored
11

processes on the functional display in comparison to the schematic display (Tharanathan et al.,
2010). Monitoring continuous processes in a facility is a complex and cognitively demanding
task. Functional displays may help alleviate the mental burden of understanding and addressing
all of the elements happening within the facility simultaneously by arranging items in way that is
easier for console operators to grasp important information pertaining to the overall status more
quickly.
2.3.4 Considerations when designing functional interfaces
The ASM consortium guidelines make recommendations for effective operator display design
for many industries (ASM Consortium, 2008). While designing the layout for the functional
interface, a number of human factor guidelines and principles should be taken into consideration.
There are guidelines established by the ASM Consortium (2008) aimed towards functional
interfaces. For instance, the guidelines recommend that for a functional hierarchy in a multilevel
view display, the functional relations should be displayed at the top, the equipment layout and
connections are in the middle view, and more specific detailed information is shown below.
Additionally, the ASM Consortium (2008) guidelines recommend that for functional displays,
information can be displayed qualitatively using graphical objects that are reusable and can
effectively translate information according to their layout relative to the other objects in the
display. These types of graphical objects help support console operator SA by eliminating the
need to make direct comparisons and calculations, thus increasing the at-a-glance monitoring
that is often missing from schematic OD.
In addition to designing with recommendations for functional displays, general guidelines for
engineering practices when designing displays should also be taken into consideration. These
guidelines include things like consistent color schemes and guidelines for alarms and
12

manageable alarm rates. The American Petroleum Institute 1165 recommends that consistency is
essential to designing a display especially if the console operator is monitoring multiple monitors
(American Petroleum Institute (API), 2007b). Text displayed on the screen should vary as little
as possible and should maintain consistent color schemes, size, font, capitalization, and shading.
Language should be as close to natural dialog as possible. The API 1167 provide guidelines for
designing alarm objectives and presentation. For instance, alarms should be consistent in design
and presentation. Also, alarm priorities should determine the order of the console operator’s
response to them (American Petroleum Institute (API), 2007a). Therefore, if the console operator
receives both a critical and a warning alarm, the salience of the critical alarm should direct the
console operator to respond to the critical alarm first.
The Engineering Equipment and Materials Users Association (EEMUA) (1999) alarm system
performance standards are widely accepted in the process industry involving console operator
control rooms and was referenced during the design phase of the simulations. According to the
EEMUA No. 191 alarm rate standards, the acceptable alarm rates for steady operation suggest no
more than 1 alarm per 10 minutes. On the other hand, exceeding more than 1 alarm per minute is
deemed unacceptable. Table 1 provides a full table for the EEMUA No. 191 average alarm rate
standards used in this experiment.
Table 1: EEMUA No. 191 benchmark for average alarm rate for long-term steady operations
Long Term Average Alarm Rate for Steady
Acceptability
Operations
>1 alarm per minute
Very likely to be unacceptable
1 alarm per two minutes
Likely to be excessively demanding
1 alarm per five minutes
Manageable
<1 alarm per ten minutes
Very likely to be acceptable

13

2.3.5 Other Research on Interfaces
More supportive interface designs are a topic of discussion among many process control
industries such as the military, aviation, nuclear, and chemical. Much of the research is aimed
towards more integrative designs that incorporate different elements into one display. For
instance in chemical plants, Adhitya et al. (2014) designed an alternative to traditional displays
by integrating early warning predictors into component trends to help console operators reach
diagnoses more quickly. Their results did yield quicker diagnoses for console operators.
However, improvements in accuracy were not found.
In the petrochemical industry, Adhitya et al. (2014) examined the performance (fewer alarms,
faster and more accurate predictions and fewer control activities) of predictive displays with
various levels of predictive characteristics (documented as predictive resolution in the paper)
using a schematic interface. The results showed that the best performance was the display with
an intermediate level of resolution. The worst performance was on the lowest resolution display.
The highest resolution however, did not provide any additional benefits. Even though
performance improved the most with the intermediate resolution display, the improvements were
not substantial. It was hypothesized that much like spatial resolution, higher temporal resolution
may have been more than the participants could cognitively utilize.
Another research topic is Ecological Interface Designs (EID). These are mainly used for complex
processing systems like petrochemical control rooms. EID is defined as an approach to interface
design that was introduced specifically for complex socio-technical, real-time, and dynamic
systems. The primary goal is to support console operators in adapting to change and novelty.
EIDs have showed improved fault diagnoses, recovery of unexpected events and decreased the
number of control actions taken to address and issue when compared to other current process
14

displays (Jamieson, 2007). Kim et al. (2012) conducted a study evaluating the SA of console
operators in a nuclear power plant (NPP) using two EIDs. In one EID, the quantity and density of
the information given was much higher than those in only the other EID. The results showed that
EID with a higher quantity and density of information provided was more effective in terms of
supporting SA during unexpected events. Burns et al. (2008) also conducted a study in a NPP
evaluating operator SA between and EID interface, traditional process driven interface, and an
advanced traditional display that contained additional graphical features designed by process
experts based on their past operating experience. Their results showed that EIDs only improved
SA in situations that were unexpected and where procedures were unavailable (the detection
phase). In other words, EIDs were sufficient in supporting operator SA during anticipated events.
There is conflicting data on the level of support schematic displays offer console operators with
regards to performance and SA suggesting that further investigation is required. Incorporating
other measures that evaluate the user’s perspective would be beneficial to more clearly
understand the user’s experience during simulation. More research is needed to truly identify the
support that displays offer their users.

2.4 Eye Tracking
Eye-tracking is a type of measure that is becoming increasingly popular in Human Computer
Interaction (HCI) research. Previous studies have used eye-tracking to measure visual attention
(Liu & Heynderickx, 2009), change blindness (CB) (Vachon et al., 2012), and mental workload
(Chang et al., 2006). CB is known as being one of the key consequences of an increasing
cognitive load (Vachon et al., 2012). In aviation, Vachon et al. (2012)’s eye-tracking results
revealed that unless the eyes were looking directly at the changes happening in the moments
preceding or following the change, participants were more likely to miss them.
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Blink rates, fixation and pupil dilation can also indicate workload (Bruneau et al., 2002;
Pomplun & Sunkara, 2003). Even when display brightness was controlled, higher workloads
were shown to be related to an increased pupil area (Pomplun & Sunkara, 2003).
Eye tracking has been used in research to measure vigilance, performance, and SA in a number
of industries including the military (McIntire et al., 2013) and aviation (Yu et al., 2014) . For
instance, Yu et al. (2014) used eye tracking to look into pilot’s visual scan patters and SA and
found almost 72% of the pilots in the study failed to identify the activated generator warning
light while aiming at a target during a higher task demand stage. They also found that pilots who
were able to identify the activated warning light have better SA performance and showed
significantly lower workload.
Few studies have evaluated eye tracking as a measure for SA within control rooms generally.
However, interface type was rarely included as a potential factor affecting SA (Chang et al.,
2006). Among the few, Tharanathan et al. (2012) measured the effect of either functional or
traditional (schematic) displays on console operator situation awareness using percentages from
the SAGAT to measure SA. Tharanathan et al. (2012) found that SA was significantly higher on
the functional interface when compared with the schematic interface. Chang et al. (2006) found
that eye-tracking measures alone are an insufficient metric in providing the full view of operator
performance and cognition. However, if eye-tracking is paired with other measures, it provides a
more comprehensive look into operator performance.
2.4.1 Eye Tracking for Console Operators
Eye tracking data (like fixation) can serve as a window for detecting console operator scan paths,
change detection, and which parts of the interface are attended to or ignored. This gives
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designers insight into where to place important information in the display. Predefining taskimportant areas of interest (AOI) on computer interfaces can determine whether or not attention
is being allocated to those AOIs (Fuchs et al., 2006).
In order to get a clearer picture of the overall console operator experience while monitoring the
facility, both objective and subjective measures are needed. Eye-tracking is a common measure
of workload, SA, and performance alongside the SAGAT and NASA-TLX in HCI in general
(Chang et al., 2006; Liu & Heynderickx, 2009; Mocacdieh & Sarter, 2012). However, there are
few studies including eye-tracking to measure the effect of interface type on console operator SA
specifically. Therefore, further exploration into whether eye tracking is an effective method for
measuring console operator’s overall SA with regards to interface displays is needed. It is likely
that only level 1 SA can be assessed using eye-tracking since the perception of the elements
within the environment can be deduced by fixation. Level 2 and 3 SA involves understanding the
elements themselves and projected of their future status. Therefore, eye tracking may not be
useful for detecting those levels.

2.5 Objectives
SA is an important element in keeping a process facility safe and productive. Considering that
automation, workload levels, and task switching affect SA, console operators must be able to
trust that the systems they use will provide them with the critical information they need in a
manner that helps them maintain SA of the facility’s status appropriately. Alternative interface
methods are being researched measuring how console operator SA levels are affected by
interface type generally. However, research focused on how interface types affect console
operator SA in the petrochemical industry is limited. Additionally, research including eye-
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tracking data as a measure for the effect of interface type on console operator’s overall SA in
control rooms is also limited. Therefore, the focus of this study is to investigate:
a) How do functional interfaces support console operator SA (for all three levels) of the
overall status in control rooms in comparison to schematic interfaces?
b) Does eye tracking accurately measure the console operator’s level 1 SA of the overall
status?
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CHAPTER 3. METHODS
In order to investigate the impact of interface design on console operator SA, this study used a
simulation for both a functional and schematic interface. Both interface simulations were created
using C# in Microsoft Visual Studio. Both simulations were comprised of the same debutanizer
system as used in a prior study Ikuma et al. (2014). The debutanizer system included a column
tower, reflux receiver, and re-boiler condensate drum with a set amount of timed failures.
All participants monitored the debutanizer system and rectified failures on three simulated
sessions of either the schematic or functional interface at different workload levels. Participant
speed and accuracy were recorded as well as three levels of SA. At three set times during each
simulation, the simulation paused and three questions regarding all three levels of SA were
displayed for the participant to answer. Once the questions were completed, the simulation
resumed. In addition to measuring participant SA, all participants were equipped with an eye
tracking device to measure fixation per area of interest (AOI) on the screen. At the completion of
each simulation, all participants rated their perceived workload by completing a NASA-TLX.

3.1 Experimental design
This study was constructed as a 3x2 full factorial experimental design testing complexity levels
and interface type. The interface type (either functional or schematic) were between subjects and
the complexity levels (easy, medium, and hard) were within subjects. To control for order effects
in this experimental design, three orders of the complexity levels were constructed and randomly
assigned to each participant based on the Latin Square design. Order 1 went from the easy
complexity level first, followed by the medium level, and finally the hard level. Order 2 went
from the medium complexity level, to the hard complexity level, and finishing with the easy
complexity level. Order 3 went from the hard complexity level to the easy complexity level, and
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then to the medium complexity level. In addition to the three orders, two participants had a
different order (four orders overall). To control for learning effects, each participant was exposed
to only one interface type (Table 2).
Table 2: The distribution of complexity level order given to participants by interface type
Interface
Order
Total
1
2
3
4
Schematic
5
5
3
1
14
Functional

5

4

4

1

13

3.1.1 Independent variables
The independent variables for this experiment were the interface type and the complexity level of
each interface. Both interface types expressed the same number of failures, type of failures, and
time of failures for each complexity level respectively. The number of failures increased for each
complexity level. Figure 1 shows the timeline for each of the failures and SA questions for each
complexity level. The easy complexity level showed 3 failures, followed by 6 and 12 for the
medium and hard complexity levels respectively. The alarm rate standard by the Engineering
Equipment and Materials Users Association (EEMUA) (1999) was referenced for assigning the
appropriate number of failures for each complexity level.
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Figure 1: Timeline of the major failures (blue arrows) and SA question sets (red arrows) for each
complexity level.
3.1.2 Dependent variables
There were a total of seven dependent variables measured for each simulation. A complete list of
the dependent variables is provided in Table 3. Performance was measured through response
times and accuracy percentages during the onset of time failures. Level 1, 2, and 3 SA was
measured by the number of correct responses to the SA questions during each simulation pause.
There were 3 SA questions for each of the three simulation pauses every session. Therefore,
there were 9 SA questions for each complexity level for each participant. An example of the SA
questions is illustrated in Figure 2. Participant eye fixations were measured by frequency of
fixations per AOI during alarm and non-alarm times. The component AOIs correspond to the
components that were programmed to fail therefore, they were areas of interest since participants
would need to be looking at them in order to perform their tasks. The alarm bar and overall
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temperature AOIs were chosen because those are features that console operators would utilize
during alarm management.
Figure 3 and Figure 4 illustrate the different AOIs per interface. These fixations were calculated
both at the onset of each set of timed failures throughout the duration of failure set as well as
during non-alarm times. Since there are a different number of AOIs for the schematic and
functional interfaces, only the overall temperature, and the AOIs for the six components that fail
were compared with respect to interface type. The alarm bar on the schematic layout was
evaluated with respect to complexity level only because the functional interface did not have an
alarm bar. The alarm bar was still kept on the schematic interface as an AOI since it is a feature
used on this type of interface. Additionally, evaluating these fixations helped verify participant
detection of component deviations (validating strength of level 1 SA). Finally, the participant’s
subjective workload was measured using the NASA-TLX immediately following each
simulation (Appendix 3). The NASA-TLX is a multi-dimensional rating procedure designed to
provide an overall weight average of ratings on six subscales: mental demand, physical demand,
temporal demand, performance, effort, and frustration that participants estimate while they are
performing a task (Hart, 2006). Including a subjective measure with the quantitative eye-tracking
data, SA questions, and percentage of errors provided an overall assessment of participant
workload.
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Table 3: The complete list of dependent variables used and a brief explanation of the data source
Categories
Dependent Variables
Explanation
Performance
Response Times
The time difference between the onset
of a failure and the participant’s click on
the correct faceplate.
Accuracy
The percentage of correct clicks to
rectify a current failure over all clicks
the participant performs in an attempt to
rectify that failure.
Situation Awareness
Level 1 SA
Question 1 from each of the three SA
question sets per complexity level.
Level 2 SA
Question 2 from each of the three SA
question sets per complexity level.
Level 3 SA
Question 3 from each of the three SA
question sets per complexity level.
Total SA
The total score from each of the three
SA question sets for each complexity
level.
Eye Fixations
Frequency of fixation Time spent fixated per AOI during
per AOI
failures for each complexity level.
Subjective Workload
NASA-TLX
A subjective workload assessment tool
based on six categories of perceived
effort, that the participant completes at
the end of each simulation.
Situation Awarenes Question Set 1
1. How many alarms are active?
0 Alarms
1 Alarm
2 Alarms
2. Why did the alarm at the reflux reciever go off?
The pump failed to turn on
The pressure was too high
The pressure was too low
3. If the issue at the reflux reciever had not been rectified, what would likely be
the next alarm to occur?
A distillate pump failure
The valve at the re-boiler
The valve at the condenser

Figure 2: Sample set of SA questions
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Please mark your
answer by putting
an X next to your
answer choice

3.2 Debutanizer system
The debutanizer system consisted of three main components: a column tower, a reflux receiver,
and re-boiler condensate drum. The column tower is where liquid butane enters the column
tower and the temperature is raised to turn some liquid into butane gas (lighter compounds) and
some into pentane and other liquids (heavier compounds). From there, the lighter butane gas
flows from the top of the tower to the reflux receiver and then exits the receiver as butane gas.
As the butane is transported to the receiver, some cools and must be brought back to the column
tower to be converted to into gas again.
At the bottom of the column tower, liquids flow to exit as the bottom product. During this
process steam and heat are added to break some of the liquid up into lighter butane gas and sent
back to the column tower and the rest is cooled further into pentane and other liquids and exits as
the bottom product. At the re-boiler condensate drum, everything inside is the steam from the
heating process and exits as water.

Figure 3: The eight AOIs for the schematic interface design highlighted in yellow.
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Figure 4: The seven AOIs for the functional interface design highlighted in yellow.

3.3 Interfaces
Two interface simulations were used for this study. Both simulations depicted the exact same
debutanizer system and information necessary to maintain the steady state of the system. One
simulation was designed as a schematic interface (Figure 3) where information was presented
through flow lines and arrows indicating process directions. The other simulation was designed
as a functional interface (Figure 4) where information was grouped together by process flow and
displayed using the quality indicators previously used in functional interfaces (Reising &
Bullemer, 2008; Tharanathan et al., 2012). Both interfaces illustrate:


A column tower



A reflux receiver



A re-boiler condensate drum
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Valves



Pumps

Additionally, participants were monitoring temperatures and process values (PV) for deviations
from the normal status. For PVs:


Normal is considered between 10% and 50%.



Abnormal status (yellow) will be from 50% to 60% and from 5% to 10%.



Critical status (red) will be from 0% to 5% and 60% and higher.

For temperatures:


Normal status is considered between 650 and 700 degrees Fahrenheit.



Abnormal status (yellow) is considered to be between at 701 and 750 degrees



Critical status (red) is considered to be between 751 and 800 degrees

Both interfaces displayed an overall system temperature indication at the bottom right corner of
the screen that the participant monitored in addition to their other tasks. Any temperature
deviation from normal was the indication to the participant that there was an issue somewhere in
the facility. The schematic interface illustrated a box with an overall system temperature. The
functional interface illustrated a white triangle which changed color according to the temperature
deviation.
Lastly, timed failures occurred and resulted in either a slow onset alarm or an immediate failure.
Set point failures were assigned the slow onset alarms and were depicted as an abnormal
(yellow) alarm first and gradually turn into a critical (red) alarm if the participant did not
intervene beforehand. If the participant failed to address any slow onset alarms, that alarm
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gradually increased from an abnormal alarm to a critical alarm (if the severity level is not already
the highest) and maintained that severity until the participant rectified the failure or the
simulation completed. The immediate failures were the two pumps on the simulation interface.
3.3.1 Human Computer Interaction Analysis in Interface Design
While designing the alarm rates for both interfaces, appropriate workloads for each of the
complexity levels were considered. Both the ASM Consortium and the EEMUA guidelines for
determining the appropriate number of alarms for each complexity level and were referenced.
For the easy complexity level, there were no more than 1 alarm per 5 minutes during an alarm
phase. For the medium complexity level there was no more than 1 alarm per 2 minutes alarm
phase. For the hard complexity level, alarms exceeded 1 per minute during the alarm phase.
For functional interfaces, the ASM consortium recommends that the highest-level information is
located in the center of the display. Since only an overview display is used for this experiment,
many of the design specifics for the hierarchy system were applied to the functional overview
display. For the debutanizer system used for the simulations, the most critical component is the
column tower. Therefore, it is located in the center of the functional display as the highest-level
information. The other components which the column tower feeds to are located on the top and
bottom of the display. Therefore, since the column tower feeds lighter chemical products like,
butane, to the condenser, it is located directly above the column tower. The condenser then feeds
those chemicals to the reflux receiver and out to produce distillate product. Additionally, the
column tower feeds heavier chemical products, like methane, to the reboiler therefore it is
located directly beneath the column tower. The reboiler then feeds to the reboiler condensate
drum and out to produce condensate product.
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Other ideologies used for interface design while creating the functional display are also
expressed through the Wickens and Carswell (1995) proximity compatibility principle and in
Reising and Bullemer (2008). According to the proximity compatibility principle, items that are
related either by task or mental operation should be placed in close spatial proximity to one
another. Placing related items in closer proximities increase information integration from the
operator. The Wickens and Carswell (1995) proximity compatibility principle was referenced for
assigning spatial locations to the components that were related. The components that were
related to each other were placed in the same area as that component. For instance, the PCT and
the distillate pump are physically near the reflux receiver and the bottom pump and the bypass
block valve are located in the vicinity of the air cooler. Therefore they are placed in the same
area as their respective component in the functional. Figure 5 and Figure 6 depict the
relationships between the components and other items on both interfaces. Table 4 provides the
key to the numbered relationships.

Figure 5: Schematic Interface with numbered components
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Figure 6: Functional interface with numbered components
Table 4: Key for numbered relationships between the schematic and functional interfaces
Numbers
Component Name or
Numbers
Component Name or
Number
Number
1
Column Tower
17
Column Tower Temp 3
& SP
2
Column Tower PSID &
18
Column Tower PCT &
PSIG
SP
3
Condenser PSIG & SP
19
Column Feed SP
4
Condenser
20
Bottom Pump
5
Condenser PSID & SP
21
Bypass Block Valve
6
Reflux Receiver
22
Air Cooler
7
Flare PSIG & SP
23
Bottom Cooler
8
Distillate product PCT &
24
Reboiler
SP
9
Distillate product MBPD
25
Reboiler Condensate
& SP
Drum
10
Distillate Product %
26
Reboiler Condensate
Drum PCT & SP
11
Distillate Pump
27
Reboiler Temp
12
Reflux Receiver Temp
28
Reboiler MLBHR & SP
13
Reflux Receiver PCT
29
Bottom Cooler Temp
14
Column Tower Temp 1
30
Overall Temp
15
Column Tower Temp 2

29

3.3.2 Simulation Description
There were six major failures (four set point failures and two pump failures) that occurred at
each complexity level. During the easy complexity level, the first three failures from the list and
three sets of SA questions occurred once throughout the 30 minute simulation. The medium
complexity level consisted of all six failures and three sets of SA questions. Finally, to mimic an
alarm flood, the hard complexity level consisted of 12 failures (all six failures occurred twice)
and three sets of SA questions. A timeline of the failures and SA questions is provided in.
Participants were expected to rectify these failures in addition to monitoring the rest of the
components for abnormal deviations. All values were continuously fluctuating during the
simulation however. The overall facility status temperature at the bottom right corner of the
screen changed to the status of the facility. The six failures are provided below and the correct
set of actions is given in Table 5:
1. Set point failure at the reflux receiver: If the gas to liquid ratio in the receiver becomes
too high with gas, the set point breach will trigger the valve will to open and some butane
gas will be released. Otherwise pressure will build up and either cause the receiver to
explode or damage the column tower or both. If the liquid pressure is too low, this will
trigger the distillate pump to evacuate the excess liquid from the receiver. Otherwise, the
pressure will affect upstream components.
2. The distillate pump failure: When this pump fails, distillate product (the remaining liquid
after the required butane gas is sufficed) does not exit and can back into reflux receiver
and disrupt the gas liquid ratio or damage the column tower. This could cause the valve at
the reflux receive to evacuate any remaining butane gas.
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3. Set point for the condenser: If the pressure in the line on either side of the condenser is
different, the set point will trigger the bypass valve to open and butane gas will bypass
the condenser.
4. Set point at the re-boiler condensate drum: This failure is very similar to the set point
failure at the reflux receiver. If the steam to liquid water ratio is too low or high, the set
point will trigger the valve to release either steam or water condensation to lower the
pressure. Otherwise, this pressure will also affect upstream components.
5. Set point at the re-boiler: There are 250 pounds of steam exiting the column feed to be reboiled at the re-boiler. Similarly to the set point for the condenser, if the pressure on
either side of the re-boiler is different, that will trigger the valve to open and release some
of that steam. Again, if this is not addressed, that will affect the pressure upstream and
damage the column.
6. Pump failure at the bottom product: This set point is linked to the liquid flowing out of
the bottom of the column tower. If these levels become too low, the bottom pump will be
damaged. Alternatively, if the level is too high, that will damage the column tower.
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Table 5: Six failures that will occur during the simulations and actions to rectify each failure
Failures
Correct Actions
1. Set point failure at
the reflux receiver

2. The distillate pump
failure
3. Set point for the
condenser
4. Set point at the reboiler condensate
drum
5. Set point at the reboiler
6. Pump failure at the
bottom product



If gas level is too high, click valve 1 to open faceplate 1 and
manually switch it on to release gas. Then change pressure to
within normal range (between 10 and 50)
OR
 If liquid is too high, click distillate pump to open faceplate 1 and
manually switch it on to release liquid. Then change pressure to
within normal range (between 10 and 50)
Click distillate pump to open faceplate 2 and manually switch it on
Click to open faceplate 3 and change pressure to within normal range
(between 10 and 50)
Click to open faceplate 4 and change pressure to within normal range
(between 10 and 50)
Click to open faceplate 5 and change pressure to within normal range
(between 10 and 50)
 Click bottom pump to open faceplate 6 and manually switch it on
to release liquid if it’s too high. Then change pressure to within
normal range (between 10 and 50)
OR
 If levels are too low, click to open faceplate 6 and change pressure
to within normal range (between 10 and 50)

3.4 Equipment
3.4.1 Eye tracker
An eye tracking device, EasyGaze (Design Interactive, Oviedo, FL), was used to measure
participant durations and frequencies of fixations for both interfaces. EasyGaze consisted of a bar
that rested underneath the monitor of the computer screen and recorded the participants eye
movements which are logged as a Boolean value, “1” if the eye was located or”0” if the eye was
not. The data was outputted on a string of x-y coordinates (in pixels) for each eye at intervals of
30ms. The EasyGaze system has a tolerance of up to 25 x 16 x 19 cm of head movement to still
record eye movements on the screen. With this information, fixation percentages per AOI and for
non-AOIs during each alarm failure were obtained. There were eight AOIs for the schematic
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interface (the alarm banner, the six component AOIs, and overall temperature), and 7 AOIs for
the functional interface (the six component AOIs, and the overall temperature). The AOIs are
illustrated in Figure 3 and Figure 4. The eye tracking fixation percentages were compared to SA
1 results to further verify participant level 1 SA.
3.4.2 Morae®
This experiment used Morae® (TechSmith, Okemos, MI) usability testing software for each
participant and each simulation. This software was used to record videos of screen actions and
mouse clicks. The information recorded was useful for validating the timing of simulation events
and to review participant actions to determine performance and responses to SA questions.
3.4.3 Esri©
This experiment used the ArcGIS software from the Environmental Systems Research Institute,
Inc., (Esri, Redlands, CA) to map and analyze the raw eye-tracking data onto both the schematic
and functional interface for each participant. At the completion of each simulation session
participant’s raw eye-tracking data was imported into ArcGIS and plotted on an image of the
corresponding interface that was mapped using the screen’s resolution as the coordinates. After
which, fixation percentages were calculated using queries for the time intervals of each of the
timed failures for the corresponding complexity level.

3.5 Participants
This experiment followed IRB-approved experimental procedures (Appendix 2). Each
participant was given an informed consent form to sign (Appendix 1) before the experiment
begins. A total of 27 (13 for the functional and 14 for the schematic) Louisiana State University
students from the engineering statistics course (IE 3302) with no prior refinery or control room
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simulation experience, no uncorrected vision, no neurological conditions or prescription
medications which affect motor skills were recruited for this study. After completion of all three
complexity levels for their assigned interface, participants received extra credit for their class.
Based on the previous study by (Ikuma et al., 2015), 24 participants was a sufficient sample size
to obtain a power over 90% for all factors.

3.6 Procedures
3.6.1 Training
All participants had a training session of the interface they would be using (either the schematic
or functional interface) explaining the how the debutanizer system functions and the tasks that
they would need to complete during the simulation. Additionally, each participant was given a
demonstration of the simulation and 15 minutes to practice becoming familiar with the interface.
Training sessions also included a description of the timed SA questions and the NASA-TLX.
Then the simulation began. Scoring the NASA-TLX includes the following methods:
1. Before the simulations began, participants compared the six workload demands in pairs
(15 pairs in total), and chose the highest demand among each of the pairs. The number of
times each workload is selected was be summed up and added to a spreadsheet.
2. After the completion of each simulation, participants ranked each of the six workload
demands on a scale from 0 to 12 cm. The length of each workload ranking measured and
entered into a spreadsheet.
3. Finally, the following formula was used to calculate the final subjective score:
Subjective Workload Score = (MD Weight*MD Rating) + (PD Weight*PD Rating) +
(TD Weight*TD Rating) + (Performance Weight*Performance Rating) + (Effort
Weight*Effort Rating) + (FL Weight*FL Rating)
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The weighted score for any one component could be no greater than 5. Likewise, the rated score
for each component could be no greater than 10.8 cm for each component and the score for the
components combined could be. The minimum workload score range from 0 to 100.
3.6.2 Simulation procedures
Simulations were conducted in the ergonomics lab at the LSU Industrial Engineering
department. Participants were asked to monitor the screen and follow the standard protocol,
highlighted in the training session, to rectify any failures. There were three 30-minute
simulations that each participant completed (easy, medium, and hard). Participants were limited
to completing only one simulation per day and preferably on consecutive days. This was to
increase the availability of participants to complete the experiment, the availability of the room
the sessions where take place, and to reduce participant attrition. Before each of the three
simulation sessions began, the participant had an eye-tracking calibration session to allow the
eye tracker to accurately record their individual eye movements during the simulations. The eyetracking device rested on the bottom of the monitor and the participant looked at predefined
points on the screen while the eye tracking device located each eye’s position on the screen. At
three set times during the simulation, the simulation paused and a pop-up screen appeared. The
pop-up screen displayed three multiple choice questions regarding all three levels of SA that the
participant clicked to answer about the current status of the simulation. Once the questions were
completed, the simulation resumed and the participants continued monitoring the interface until
the completion of the simulation. After each of the three simulations, the participant completed
the NASA-TLX subjective workload questionnaire in regards to their experience during each of
the simulations.
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3.7 Analysis
The data for the seven dependent variables was calculated as follows:
1. Response Times: Time (in seconds) between the onset of a failure and the first click to rectify
it was recorded for each failure.
2. Accuracy: The number of correct clicks over the total number of clicks was collected for
each failure.
3-5. Situation Awareness: Levels 1, 2, and 3 scores were tallied for each simulation session. The
Total SA was the sum of all SA questions for a single simulation session. Therefore, 3
simulation sessions resulted in 3 Total SA scores. SA questions were scored as 1 point for
correct and 0 points for incorrect responses.
6. Eye Fixations: The percentage of time spent in the AOI containing the failing component
(intended AOI) was calculated from the onset of each failure until the completion of the
failure. Then, the percentage of time spent anywhere else on the screen (non-intended) was
calculated during the onset of each failure until the completion of the failure. Finally, fixation
percentages were calculated for the overall temperature AOI and for all non-AOI areas
during non-alarm times. Fixation percentages for the alarm bar on the schematic interface for
non-alarm times were calculated. Those percentages were compared to their respective
complexity level of the opposing interface.
7. Subjective Workload: Each workload dimension score for each complexity level was
compared to their respective level for the opposing interface type.
Following the data collection, ANOVAs were calculated using SPSS for each of the listed
dependent variables against complexity level and interface type. The significance criteria was set
to 0.05 but if there was significance at the 0.10 level, it was noted. Any results requiring post-hoc
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analysis was calculated using the bonferroni method. It was expected that the functional interface
would show higher SA, accuracy, AOI fixations, lower reaction times and lower subjective
workload scores in comparison to the schematic interface. It was also expected that the easy
complexity level would have the lowest reaction times, lowest subjective workload, and highest
SA, accuracy, and AOI fixations. These values were expected to gradually worsen from the
medium to the hard complexity levels.
Since there were uneven samples within the independent variable groups and the number of
participants between the largest group did not exceed 1.5 times the number of participants in the
smallest group, the mixed model analysis test is robust against violations of homogeneity
assumptions and normality can be assumed (Hatcher & Stepanski, 1994). Next, a mixed models
method was conducted to compare all dependent variables for each complexity level and
between interface types. Finally, Spearman’s correlations were used to compare the perceived
workload from the NASA-TLX, fixations from the eye-tracking data, SA scores, accuracies, and
reaction rates. Any correlations (positive or negative) may give an indication of how easy (or
difficult) the failure’s salience is to be detected (level 1 SA) on the interfaces. For example, a
positive correlation between high fixations and a high perceived workload would suggest that the
participant spent a longer amount of time fixated on a component that may or may not have
corrected the failure(s) at hand. Thus, they spent a long time trying to understand the situation.
On the other hand, a negative correlation between low fixations and low perceived workload
would suggest that the participant spent very little time fixated on a component and very likely
rectified the failure.
Since this experiment used human participants, an 80% power was the minimum acceptable
power level. The partial eta squared collected from the mixed model analysis for each dependent
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variable was used to calculate the observed power and required sample size to achieve an 80%
power. The GPower software version 3.1 was used for these calculations (Faul et al., 2007).

3.8 Hypotheses
Hypothesis 1
Ho: Level 1 SA for on the functional interface = Level 1 SA on the schematic interface
H1: Level 1 SA on the functional interface ≠ Level 1 SA on the schematic interface
Hypothesis 2
Ho: Level 2 SA on the functional interface = Level 2 SA on the schematic interface
H1: Level 2 SA on the functional interface ≠ Level 2 SA on the schematic interface
Hypothesis 3
Ho: Level 3 SA on the functional interface = Level 3 SA on the schematic interface
H1: Level 3 SA on the functional interface ≠ Level 3 SA on the schematic interface
Hypothesis 4
Ho: Level Total SA on the functional interface = Level 3 SA on the schematic interface
H1: Level Total SA on the functional interface ≠ Level 3 SA on the schematic interface
Hypothesis 5
Ho: Accuracy percentages on the functional interface = Accuracy on the schematic interface
H1: Accuracy percentages on the functional interface ≠ Accuracy on the schematic interface
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Hypothesis 6
Ho: Subjective workload scores on the functional interface = Subjective workload scores on the
schematic interface
H1: Subjective workload scores on the functional interface ≠ Subjective workload scores on the
schematic interface
Hypothesis 7
Ho: Response times on the functional interface = Response times on the schematic interface
H1: Response times on the functional interface ≠ Response times on the schematic interface
Hypothesis 8
Ho: Percentage of eye fixations per AOI on the functional interface = Percentage of eye fixations
per AOI on the schematic interface
H1: Percentage of eye fixations per AOI on the functional interface ≠ Percentage of eye fixations
per AOI on the schematic interface
Hypothesis 9
Ho: Correlations between eye fixation percentages in intended AOI during alarm times and level
1 SA = 0
H1: Correlations between eye fixation percentages in intended AOI during alarm times and level
1

SA

=

a

statistically

significant
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positive

correlation

CHAPTER 4. RESULTS
4.1 Data Inclusion
There were only two participants excluded from this experiment, resulting in 27 participants
included in this experiment dataset overall. One was excluded due to a malfunction with the eyetracking equipment and the other was due to exposure to both interfaces. 14 participants used the
schematic interface and 13 participants used the functional interface. In regards to the eyetracking data, the average validity of the eye-tracking data was 71%. There were 7 sessions of
the eye-tracking data excluded due to low data point validity (below 50%).

4.2 Descriptive Statistics
The raw averages and standard deviations did not yield any substantial differences in means
between the interfaces for the non-eye-tracking dependent variables and the eye-tracking
dependent variables (Table 6 and Table 7). The SA means tended to be higher for the schematic
interface than for the functional interface. Contrarily, the subjective workload and accuracy
tended to be lower for the schematic interface than for the functional. Table 8 provides the
results for the Levene’s statistics for homogeneity of variance. All dependent variables showed
no significance except for Accuracy, average response time, intended AOI during alarm time,
non-intended areas during alarm, overall temp during non-alarm time, alarm bar during alarm
time. According to Hatcher and Stepanski (1994), this experimental design is robust against
violations of homogeneity of variance and moderate departures from normality. Following the
Levene’s test, ANOVA tests were conducted for all dependent variables.
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Table 6: Descriptive statistics for SA, accuracy, subjective workload, and response time
Dependent Variables
Independent Variables
N Mean Standard Deviation
SA1
Schematic
Easy
14 2.64
0.75
Medium 14 2.57
0.94
Hard
14 2.36
1.15
Functional
Easy
11 2.54
0.88
Medium 11 2.15
1.07
Hard
11 2.00
1.22
SA2
Schematic
Easy
14 2.71
0.61
Medium 14 2.71
0.61
Hard
14 2.71
0.47
Functional
Easy
13 2.46
0.66
Medium 13 2.54
0.78
Hard
13 2.62
0.77
SA3
Schematic
Easy
14 2.07
1.07
Medium 14 2.36
0.63
Hard
14 2.43
0.94
Functional
Easy
13 1.92
1.26
Medium 13 2.15
0.69
Hard
13 2.23
1.01
Total SA
Schematic
Easy
14 7.43
1.40
Medium 14 7.64
1.65
Hard
14 7.52
2.28
Functional
Easy
13 6.92
1.80
Medium 13 6.92
1.75
Hard
13 6.85
2.67
Accuracy Percentage
Schematic
Easy
14 90.9%
10.4
Medium 14 93.0%
5.96
Hard
14 95.3%
3.27
Functional
Easy
13 94.8%
7.51
Medium 13 94.6%
8.04
Hard
13 94.0%
4.08
Subjective Workload
Schematic
Easy
14 56.5
41.9
Medium 14 59.7
44.7
Hard
14 69.6
37.9
Functional
Easy
13 74.2
32.7
Medium 13 71.2
29.5
Hard
13 84.4
28.1
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(Table 6 continued)
Dependent Variables
Average
Response Time
(seconds)

Independent Variables
Schematic
Easy
Medium
Hard
Functional
Easy
Medium
Hard

N Mean
14 22.3
14 33.6
14 19.2
13 18.8
13 40.8
13 25.4

Standard Deviation
8.75
18.4
8.30
7.33
28.3
18.6

Table 7: Descriptive statistics for eye-tracking dependent variables
Dependent Variable
Independent Variables
N
Mean Standard Deviation
Percent Intended
Schematic
Easy
12
22.4%
20.2%
AOI During Alarm
Medium
11
16.8%
10.1%
Time
Hard
13
12.6%
3.27%
Functional
Easy
12
23.7%
11.3%
Medium
13
15.5%
9.50%
Hard
13
10.7%
4.64%
Percent Non
Schematic
Easy
12
76.4%
15.3%
Intended Areas
Medium
11
83.1%
10.2%
During Alarm Time
Hard
13
86.0%
4.47%
(Without Alarm Bar)
Functional
Easy
12
76.3%
11.4%
Medium
13
83.9%
11.4%
Hard
13
89.1%
4.43%
Percent Non AOIs
Schematic
Easy
12
62.6%
8.49%
During Non-Alarm
Medium
11
62.7%
6.58%
Time
Hard
13
56.7%
17.4%
Functional
Easy
12
74.8%
8.36%
Medium
13
75.9%
10.3%
Hard
13
74.9%
7.77%
Percent Overall
Schematic
Easy
12
1.34%
1.37%
Temp During NonMedium
11
0.64%
0.70%
Alarm Time
Hard
13
1.09%
0.81%
Functional
Easy
12
1.06%
2.71%
Medium
13
1.74%
5.34%
Hard
13
0.22%
0.20%
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Table 8: P-Value for Levene’s test of homogeneity of variance
Dependent Variable
P-Value
SA1
0.469
SA2
0.261
SA3
0.335
Total SA
0.956
Subjective Workload
0.295
Accuracy
0.000
Average Response Time
0.037
Intended AOI During Alarm Time
0.009
Non-Intended Areas During Alarm
0.002
Non-AOIs During non-alarm Time
0.569
Overall Temp During non-Alarm
0.081
Time
Alarm Bar During Alarm Time
0.031

4.3 Test for Order Effect
A One-Way ANOVA was tested for all dependent variables against the order in which
complexity levels were delivered to participants. In addition to the three orders, two participants
had a different order (four orders overall). The results yielded no significant differences between
the order types. Therefore, order did not significantly affect the outcomes in this experiment.

4.4 Mixed Model Analysis
This experimental design used both within and between subjects factors (complexity level and
interface type), therefore, a mixed model analysis was conducted to test between the interface
types and complexity levels with respect to all dependent variables. The results from the noneye-tracking analysis reveal that there were no significant differences between interface types or
complexity levels with any dependent variables except for average response time (Table 9).
There were significant differences between complexity levels for average response time (Figure
7). The medium level was shown to have significantly longer average response times than the
easy or the hard levels. Accuracy and subjective workload tended to be higher for the functional
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interface (Figure 8 and Figure 9). These results fail to reject the null hypotheses for the SA,
accuracy, subjective workload, and average response time. There does not appear to be any
differences between these variables and interface type or complexity levels.
Table 9: Mixed Model Analysis Fixed Effects Results for Non-Eye-Tracking Variables
Dependent
Independent
df
F-Value P-Value Observed
Required N for
Variables
Variables
Power
80% Power
SA1
Interface Type
1
1.122
0.331
0.981
8
Complexity
2
1.696
0.197
0.71
33
Level
SA2
Interface Type
1
0.093
0.911
0.88
22
Complexity
2
1.460
0.231
0.077
1600
Level
SA3
Interface Type
1
0.899
0.411
0.14
240
Complexity
2
0.743
0.392
0.10
309
Level
Total SA
Interface Type
1
0.027
0.973
0.28
107
Complexity
2
2.054
0.156
0.052
9629
Level
Accuracy
Interface Type
1
0.447
0.642
0.076
867
Complexity
2
0.788
0.378
0.128
247
Level
Subjective
Interface Type
1
0.893
0.414
0.25
121
Workload
Complexity
2
3.188
0.078
0.101
364
Level
Average
Interface Type
1
8.414
0.327
0.104
431
Response Rate
Complexity
2
0.975
0.001*
0.55
44
Level
Note: * Significant at the 0.05 level; ** Effect size was too low to compute power
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Figure 7: Average response time by interface type and complexity level
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Figure 8: Accuracy means for interface type and complexity level
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Figure 9: Subjective Workload for interface type and complexity level

The results from the mixed model analysis for all eye-tracking variables revealed that there were
significant differences between interface type for the percent of time participants spent on the
Non AOIs during non-Alarm times (F = 34.622, p = 0.000). Additionally, there were significant
differences among complexity level for both the percent of time participants spent in the
intended AOI during alarm times (F = 6.577, p = 0.002) and the percent of time spent on the
non-intended areas during alarm times (F = 7.584, p = 0.001) (Table 10). Intended AOI refers to
the AOI that contained a component currently alarming or set to fail at that time. Non-intended
areas refer to all areas on the screen which were outside the intended AOI. Non AOIs refer to
anywhere on the screen that was not assigned an AOI. All data was calculated without including
the Alarm Bar AOI since only the schematic interface displayed the alarm bar. A One-Way
ANOVA was tested for the Alarm Bar during non-alarm times for the schematic interface against
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the complexity levels. The results showed no significant differences between the amount of time
participants spent looking at the alarm bar during non-alarm times and the complexity levels.
Table 10: Mixed Models Analysis Fixed Effects Results for Eye-Tracking Variables
Dependent
Independent
df
FPObserved
Required N for 80%
Variables
Variables
Value Value
Power
Power
Percent
Interface Type 1
0.057
0.813
0.09
779
Intended AOI
Complexity
2
6.577 0.002*
0.47
53
During Alarm
Level
Time
Percent Non
Interface Type 1
0.270
0.605
0.06
1564
Intended Areas
Complexity
2
7.584 0.001*
0.53
47
During Alarm
Level
Time (Without
Alarm Bar)
Percent Non
Interface Type 1 34.622 0.000*
0.95
18
AOIs During
Complexity
2
0.796
0.455
0.10
395
Non-Alarm
Level
Time
Percent Overall Interface Type 1
0.367
0.694
**
**
Temp During
Complexity
2
0.001
0.977
0.07
797
Non-Alarm
Level
Time
Note: * Significant at the 0.05 level, **Effect size was too small to calculate power
In regards to interface type, bonferroni pairwise comparisons revealed that the amount of time
participants spent looking outside of the AOIs during non-alarm times was significantly lower
for the functional interface than for the schematic (Figure 10). In regards to the complexity
levels, the pairwise comparisons showed that the participants spent significantly less time
looking at the intended AOIs and in the non-intended areas during alarm times on the easy
complexity level than the medium or hard (Figure 11 and Figure 12).

47

90.0%
80.0%

Mean Percentage

70.0%
60.0%
50.0%
40.0%
30.0%
20.0%
10.0%
0.0%
EASY

MEDIUM

Schematic

HARD

Functional

Figure 10: Mean percent by interface type and complexity level of time spent in non-AOIs
during non-alarm time
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Figure 11: Mean percent by interface type and complexity level of time spent in intended AOIs
during alarm time
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Figure 12: Mean percent by interface type and complexity level of time spent in non-intended
areas during alarm time

4.5 Correlations
Spearman’s correlations of participant data were calculated for all dependent variables (Table
11). The following are the correlations which yielded significant results at either the 0.05 level or
at the 0.01 level. As SA1 increased for participants, SA3 (r = 0.539, p

=

0.01), Total SA (r =

0.780, p = 0.01), the percent of time spent looking at intended AOIs during alarm time (r = 0.248,
p = 0.05), and time spent looking at the overall temp AOI increased (r = 0.230, p = 0.05) as well.
Contrarily, as SA1 increased for participants, the percent of time spent looking at non-AOIs
during non-alarm time decreased (r = -0.294, p = 0.05). As SA2 (r = 0.470, p = 0.01) and SA3 (r =
0.837, p = 0.01) increased, Total SA increased as well. Average response times decreased as SA3
(r = -0.299, p = 0.01) and Total SA (r = -0.301, p = 0.01) increased. As Total SA increased, the
percent of time participants spent looking at non-AOIs during non-alarm time decreased (r = 0.295, p

=

0.05). As accuracy increased, the percent of time participants spent looking at non-

49

AOIs during non-alarm time increased (r = 0.266, p

=

0.05). Last, as the amount of time

participants spent looking at the intended AOI during alarm times increased, the amount of time
participants spent looking at non-intended areas during alarm time decreased (r = -0.907, p
0.01).
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=

Table 11: Spearman’s correlations for all dependent variables

SA1
SA2
SA3
Total SA
Subjective
Workload

SA1

SA2

SA3

1

0.20

0.54
**

1

0.14
1

Tota
l SA
0.78
**
0.47
**
0.84
**
1

Intended
AOI
Alarm
Time

Non
Intended
Areas
Alarm
Time

Non
AOIs
Non
Alarm
Time

Overall
Temp
Non
Alarm
Time

Subjective
Workload

Accuracy

Average
Response
Time

-0.02

0.03

-0.19

0.25*

-0.19

-0.29*

0.23*

-0.06

-0.16

-0.08

-0.02

-0.04

-0.18

0.04

-0.02

0.08

-0.23**

0.16

-0.14

-0.19

-0.04

-0.01

-0.04

-0.30**

0.18

-0.14

-0.3*

0.06

1

0.01

-0.006

0.08

-0.16

0.19

0.17

1

-0.21

-0.16

0.15

0.27*

-0.14

1

-0.13

0.14

0.15

0.08

1

-0.91**

-0.16

-0.01

1

0.22

-0.13

1

-0.21

Accuracy
Average
Response Rate
Intended AOI
Alarm Time
Non Intended
Areas Alarm
Time
Non AOIs Non
Alarm Time
Overall Temp
Non Alarm Time
Note ** Significant at the 0.01 level; * Significant at the 0.05 level
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CHAPTER 5. DISCUSSION
This research aimed to understand how interface displays effect operator situation awareness,
subjective workload, accuracy, and reaction rates during alarm management of petrochemical
operations. This research also aimed to evaluate eye-tracking as a reliable measure for level 1
situation awareness. Engineering students from LSU were used for this research and the criterion
variables were interface type and complexity level. It was expected that the functional interface
would be significantly different than the schematic interface in all of the dependent variables. It
was also expected that eye-fixation percentages would be a sufficient measure for level 1 SA.
The results showed no significant differences between the schematic and functional interfaces or
complexity levels for any dependent variables except the eye-tracking.

5.1 SA
Considering that current research suggests traditional schematic interfaces lack sufficient support
of console operator SA, it was expected that SA1, SA2, SA3, and TotalSA would be higher on
the functional interface than for the schematic since it is an alternative designed to display
information in a more effective way (Reising & Bullemer, 2008; Tharanathan et al., 2012;
Tharanathan et al., 2010; Wu, 2012; Yin et al., 2014). However, the results from this study
showed that the functional interface was not more supportive of operator SA on all levels. There
were no significant differences between either interface types or any of the complexity levels.
The results for both SA1 and SA2 are not congruent with the previous findings of higher SA1
and SA2 scores on the functional interface than the schematic interface (Tharanathan et al.,
2012; Tharanathan et al., 2010). These differences in results may be because in Tharanathan et
al. (2012); Tharanathan et al. (2010), participants were exposed to both interfaces therefore
allowing for learning effects to carry over to the other interface. Additionally, SA was measured
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using the talk aloud method requiring participants to notify the experimenter of a process
deviation during simulations that contained more than twice as many failures for the easy
complexity level and more than 12 times as many failures for the hard complexity level than the
current experiment. Participants had many more chances to notice a process deviation than the
12 or less failures outlined in this experiment.
The effect of interface type on SA3 is virtually unexplored in the petrochemical industry.
Previous studies in this industry only evaluated SA1 and SA2 (Tharanathan et al., 2012;
Tharanathan et al., 2010). Li et al. (2006) conducted a study evaluating SA including SA3
between functional displays and the “current displays” which mimic a mixture of schematic and
tabular interfaces for hydropower systems. Their findings showed that SA3 was higher for the
functional displays than the “current displays”. Their findings for SA3 may be influenced by the
time feature available to the participants. During the experiment, participants were able to view
the system at different time intervals from projected data from real-time all the way to the rest of
the training day. Therefore, providing participants with the ability to predict future system states
and enhancing SA3. Considering the mixed results for SA in functional interfaces, future studies
exploring SA in this domain may yield more generalizable results.

5.2 Performance
5.2.1 Average Reaction Time
Considering that research points to functional interfaces as a more supportive display of operator
SA, the operator should notice the process deviation (SA1) more quickly than schematic
displays. Therefore, it was expected that reaction times to those deviations would be lower for
the functional interface than for the schematic. Reaction times were also expected to increase as
complexity levels increased in difficulty, but still remain lower overall for the functional
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interface than the schematic. The results from the mixed model analysis revealed that the
functional interface was not significantly different than the schematic. This may be because the
results for SA in this experiment also showed no significant differences. It is known that SA has
a significant impact on performance (Endsley, 1996; Endsley & Kaber, 1999). Therefore, since
there were no significant differences for SA, it is not surprising that there were not significant
differences for average reaction time as well. In a similar experiment evaluating SA and
performance between functional and schematic interfaces, Ikuma et al. (2015) measured reaction
time not only by time to faceplate, but also time to completely rectify failure as well. This study
only evaluated time to faceplate with regard to reaction time. Including time to completely
rectifying failures alongside time to faceplate would provide a more holistic look into console
operator performance while managing alarms.
5.2.2 Accuracy
Since participant’s workload was expected to be lower for the functional interface, it was also
expected that participants would be able to more accurately address issues for the functional
interface than for the schematic interface as well. Accuracy was also expected to be the highest
for the easy complexity level and then decrease for the medium and hard complexity levels since
they were more difficult, but stay consistently higher for the functional interface than then
schematic. Again, the results did not meet expectations; there were no significant differences
between both interfaces and all three complexity levels. This means that during alarm phases,
participants made around the same amount of mouse click errors to rectify alarms on the
functional interface and the schematic interface. These results are congruent with findings from
Wu (2012) also exploring situation awareness, performance and workload levels on a functional
interface. Additionally Wu (2012) expressed that participants from both interfaces had accuracies
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of 95% or better. Similarly, in this experiment, participant accuracy for both interface types were
90% or better.

5.3 Subjective Workload
Traditional schematic displays overload operators with data by relying on their ability to locate,
recall, and compare information in order to address issues in the control room (Reising &
Bullemer, 2008). Therefore, the expectation for subjective workload was that participants would
report higher workload scores for the schematic interface than the functional interface and across
all complexity levels. The results, in fact, showed no significant differences in workload between
interface types or complexity levels. However, the mean scores for both interface types and
complexity levels show that subjective workload was relatively high. This may be due to the
length of time participants had to remain still during the simulation. Each simulation was 30
minutes long and participants were required to remain as still as possible because of the high
sensitivity of the eye-tracker. Many participants verbally expressed difficulty in doing this. Wu
(2012) had a similar finding in their study looking into functional versus schematic interface
designs. Participants received a 45 minute training session prior to a 45 minute simulation
session. Participant subjective workload remained high for both interface types despite no
significant differences. Another contributor to the similarity in workload scores between
interfaces may be the fact that the method for rectifying failures on both interfaces was exactly
the same.

5.4 Eye-Tracking
All AOIs (except for the alarm bar) were no more than 1/50th the size of the screen. Therefore, it
is unlikely that the percentages of fixations noted in the analyses are by chance or accidental.
The average fixations for the intended AOI was approximately 20%, for non-intended areas was
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approximately 82%, for non-AOIs non-alarm time was approximately 67%, and the overall
temperature was approximately 1%. Since eye-tracking is a commonly used measure of
performance, workload, and SA (Bruneau et al., 2002; Chang et al., 2006; Koffskey et al., 2014;
Liu & Heynderickx, 2009), it was expected that eye-tracking would be a sufficient measure of
level 1 SA in petrochemical operations. The results indicated that eye-tracking may, in fact, be a
good measure for detecting console operator SA1. Looking at the correlations between the
dependent variables, it is evident that there is a significant, positive correlation between SA1 and
the percent of time participants spent in the intended AOI during alarm time. Additionally, there
is a significant positive correlation between SA1 and the Overall temp AOI during non-alarm
time. This means that during alarm times (when components were programmed to fail), the eyetracking data captured participants detecting those changes (the failing components). This also
means that during non-alarm times, participants did monitor the Overall temp AOI (as directed)
to help them identify any failing components they may not have initially caught.
Additionally, the mixed model analysis for the eye-tracking data shows that there were no
significant differences between interface types, but there were for complexity levels for the
percent of time participants spent in the intended AOI during alarm times and the percent of time
participants spent in non-intended areas during alarms. This finding goes against initial
expectations that fixations in the intended AOIs would be higher for the functional interface than
for the schematic. It was also expected that the time participants spent in the non-intended areas
during alarm times would be lower on the functional interface than for the schematic. A
contributing factor for the lack of significance could be the fact that 10% of the eye-tracking data
was excluded from the analysis due to equipment malfunction and low number of valid eye
points during the experiment.
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Considering that the SAGAT is a subjective measure of SA and eye-tracking is a more objective
measure, mixed results for measuring SA can be expected. Considering the significant
correlation between SA1 and the eye-tracking data for the intended AOI during alarm times, it is
evident that eye-tracking is a good measure for SA1 in console operators. Eye-tracking has
shown to be a useful measure to track participant SA and change detection (SA1) (Liu &
Heynderickx, 2009; Vachon et al., 2012).

5.5 Correlations
The correlations show that as participant SA1 increased, the percent of time spent looking at
intended AOIs during alarm time and the time spent looking at the overall temp AOI during nonalarm time also increased. This would be expected for participants to notice changes during the
alarm times (SA1), and would spend more time looking at the intended AOI with the alarming
component since it is the component that deviated. Interestingly, the correlations show that
participants were using the overall temperature as a gauge to indicate failing components and not
just waiting for alarms to happen. Contrarily, as SA1 increased, the percent of time participants
spent looking at non-AOIs during non-alarm time decreased. This shows that participants were
spending their time looking at the different AOIs on the screen rather than non-AOIs to observe
set point deviations for components. Therefore, when changes did occur they would see them
thus increasing SA1 as indicated before.
Average response times showed to decrease as SA3 and Total SA increased. This would suggest
that since participants understood how the occurring alarms affected the refinery system,
participants were able to respond to alarms more quickly. If participants are spending more time
looking at a particular AOI during alarm time, the amount of time spent looking at the other
areas on the screen must decrease.
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5.6 Outcomes of the Functional Interface Design
Overall the functional interface does not appear to be any more supportive of console operator
SA, performance, or workload when compared to the schematic interface. Mean scores for all
SA variables tended to be higher for the schematic interface than the functional, but not
significantly. Also, subjective workload and average reaction times tended to be lower for the
schematic interface than the functional, but not significantly. However, on the functional
interface, accuracy rates tended to be higher for the functional interface than the schematic, but
not significantly.
With regards to measuring the effectiveness of the functional interface design, the functional
interface was sufficient for testing SA, accuracy, subjective workload, reaction times and eyefixations. The participants did not need to understand the interworking’s of a refinery in order for
this study to be able to measure these dependent variables on functional interface. However, if
this interface would be tested with real console operators and in a real control room, additional
features of the functional interface highlighted from ASM Consortium (2008); Reising and
Bullemer (2008) would need to be implemented to more accurately represent the processes
associated with monitoring a refinery. For instance the functional interface could incorporate
other graphical objects that present deviations from normal with “wings” on a horizontal line
than get bigger and further apart as the deviation increases (Reising & Bullemer, 2008). It was
infeasible to accurately incorporate all of the features of the functional interface without fully
defining all of the operations within a refinery. Considering the results of previous research, the
functional interface may still be a more supportive alternative to the schematic interface. A
future study including a higher sample size and the changes in experimental design described in
the previous section may increase power and result in significant findings. If this study was
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replicated, a sample size of approximately 9000 would be required to achieve and 80% power
based on the dependent variable with the smallest effect size. Increasing sample size would not
be feasible for this experiment, therefore a modification to experimental design would be more
beneficial.

5.7 Future Research and Limitations
This research investigated average reaction time and accuracy as performance measures between
interface types and complexity levels. However, understanding which interface allows console
operators to rectify alarms more quickly would be useful in this industry since time is often
critical. Therefore, future research can look into the total time it takes for console operators to
rectify alarms in addition to reaction time and accuracy. Another future research topic could be
to investigate eye movements in more depth like measuring saccades and scan paths to gain a
better understanding of console operator search patterns like during non-alarm times for instance.
By measuring scan paths, we can evaluate if the console operator is actively scanning the facility
for potential alarms or remaining fixated on a certain area of the screen. Knowing the systematic
approach to how operators solve problems through observing operators scan patterns in addition
to the areas they fixate on while managing operations can help designers more effectively
develop interfaces that support those behaviors. Furthermore, future research can explore other
alternative interface types found in controls rooms like integrative displays and trend screens that
depict real-time process values for components in the refinery in support of console operator
situation awareness. This may provide more insights into the hierarchy of which interface types
are more supportive of console operator mental actions than others. Last, future research can
draw more significant lines between the complexity levels. The accuracy for all participants were
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90% or better indicating that the hard complexity level may not have been difficult enough for
participants.
Research limitations for this experiment include experimental design, observed power for
dependent variables, eye-tracking measures, and software capabilities. A limitation of the
experimental design was that the participants recruited for this research were novices and not
console operators. This may contribute to lower external validity since in actual refineries
console operators monitor these interfaces and have a better understanding of how refineries
function. Another limitation of the experimental design include the use of a single screen to
represent the control room operator work environment. Realistically, console operators monitor
several screens at once rather than just one. In a prior study exploring console operator mental
actions during alarm management, operators were found to use four or five screens at once found
rather than just the OD. Also, operators tended to look more at the trend screens rather than the
OD to provide them with the information they needed to make decisions (Schwartz et al., 2015).
The participants in this experiment viewed only one display (the OD) and had an extra
monitoring task with the overall temperature gauge in an attempt to mimic the workload the
console operators may face. Despite the efforts to mimic the same workload, the scores did not
vary within each interface type or between either interfaces. Therefore, the overall temperature
gauge may not have represented the actual workload level that console operators experience in a
control room. Another limitation in this research is the overlap in measuring the fixation
percentages for the intended AOI during alarm times. Since these simulations included failures
that occurred simultaneously, measuring the exact number of fixations per intended AOI during
simultaneous alarm times was beyond ArcGIS capabilities. The number of participants needed to
obtain a power of at least 80% is also a limitation. Even though this study used 27 participants
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based on a similar study that needed only 24 participants to obtain a 90% power the observed
power for almost all dependent variables was extremely low (Ikuma et al., 2015). This factor
may be a strong contributor to the insignificant findings in this study. The average observed
power for all dependent variables was approximately 32%. The dependent variable with the
highest required sample size to achieve an 80% power was Total SA with 9629. This was
followed by SA2 with 1600. Future studies should increase sample sizes greatly to approach a
sufficient power.
A limitation of the research was also the eye-tracking device. The eye-tracker was only able to
capture participant eye-fixations therefore, only fixation frequency was calculated. Another
limiting factor of the eye-tracker was the number of valid eye points captured during each
simulation. The average number of valid eye-points for this research was 71.52%. Even though
all participants had a calibration session before each simulation, if the participant moved outside
of the eye-trackers range, blinked, wore heavy eye make-up, or looked away from the screen, the
eye-tracker would count those instances as invalid points.
The research was also limited by Morae’s and EasyGaze’s software capabilities for recording
information from the simulations and analyzing the raw eye-tracking data. Morae only recorded
the computer screen and could not record events (timestamps of each of the failures, alarms, SA
pauses, etc.,) while recording. Therefore, events in Morae had to be extracted and recorded into
excel manually. As a result, the exact time of each recorded event may be off by a few
milliseconds. Similarly, EasyGaze exported the raw data into an excel file and did not provide
any analysis functions. The raw excel file was then imported into and ArcGIS mapping software
where a map of each interface and AOIs were created with the screen’s resolution as coordinates.
From these maps, all valid eye-points were filtered for each simulation event to calculate eye
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fixations percentages for each participant. A software built to analyze eye tracking data would
have been ideal, however, the ArcGIS mapping software was powerful enough to capture the
fixation percentages for each of the AOIs non-AOIs needed to analyze the eye-tracking data for
this study.
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CHAPTER 6. CONCLUSION
This research explored the level of support functional interfaces provided console operators in
comparison to traditional schematic interfaces during a simulation of a petrochemical operation.
The independent variables were interface type (schematic or functional) and complexity level
(easy, medium, and hard). The dependent variables were situation awareness, accuracy
percentages, subjective workload, average reaction times, and eye fixations. This research also
aimed to determine the accuracy of eye-tracking, specifically fixations, as a valid measure for
situation awareness among console operators. Overall, there was shown to be now significant
differences between the functional and schematic interfaces in terms or SA, performance, and
subjective workload. Additionally, eye-tracking shows to be a sufficient measure of level 1 SA.

6.1 Objective 1
After reviewing the mixed model analyses, the ANOVAs, and the correlations, participants did
not have any higher SA, accuracy, or lower subjective workload and average response rates on
the functional interface than the schematic interface. Research in this domain is quite limited and
show mixed results. Future research is warranted to further validate the level of support that
functional interfaces offer console operators. In conclusion, the functional interface does not
indicate that it is more supportive of operator SA, accuracy, subjective workload, or average
reaction times.

6.2 Objective 2
Reviewing the correlations for the eye-tracking data showed that during alarm times when
components either began to fail or failed immediately, the eye-tracking data captured participants
fixating in the correct locations of the failing components more than the other areas on the
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screen. This indicates the participants were detecting those changes (SA1). Additionally, the eyetracking data showed participants looking at the overall temperature gauge a substantial amount
of time during non-alarm times. This shows that participants were looking out for changes to the
system and using the overall temperature gauge as a reference. In conclusion, eye-tracking can
be an accurate measure of SA1 in console operators. However, depending on the objectives of a
research topic, other measures of SA may be more beneficial. For instance, the SART is a
subjective measure and can be used in simulations as well as in real world tasks and is correlated
with performance. Since this experiment utilized multiple simulations, the SART method would
have been infeasible (Endsley et al., 1998). The SAGAT is an objective measure that measures
SA through perception, comprehension, and projection but requires freezing the simulated screen
and arguably tests the participant’s memory rather than true SA (Endsley et al., 1998). Eyetracking is an objective, physiological measure does not require freezing a screen or prompting a
participant. This measure can capture a participant’s attention allocation and can provide a
glimpse into the participant’s cognitive processes (Chang et al., 2006). In this experiment, eyetracking was shown to be significantly correlated with SA1.

64

REFERENCES
Adhitya, A., Chang, S. F., Lee, Z., & Srinivasan, R. (2014). Quanifying the effectiveness of an
alarm management system through human factors studies. Computers and Chemical
Engineering, 67, 1-12.
American Petroleum Institute (API). (2007a). Recommended practice for pipeline SCADA alarm
management (API) 1167 (pp. 1-40).
American Petroleum Institute (API). (2007b). Recommended practice for pipeline SCADA
displays (API) 1165 (pp. 1-45).
ASM Consortium. (2008). ASM Consortium Guidelines: Effective operator display design.
Phoenix, Arizona: ASMConsortium.
Bonfante, A. (2007). Management comes first for alarm management success. Plant
Engineering, 53-58.
Bransby, M., & Jenkinson, J. (1998). Alarming performance. Computing & Control Engineering
Journal, 9(2), 61-67.
Bruneau, D., Sasse, M. A., & McCarthy, J. (2002). The eyes never lie: The use of eye tracking
data in HCI research. Paper presented at the Proceedings of the CHI.
Bullemer, P. T., & Nimmo, I. (1994, 2-5 Oct 1994). Understanding and supporting abnormal
situation management in industrial process control environments: a new approach to
training. Paper presented at the 1994 IEEE International Conference on Systems, Man
and Cybernetics.
Burns, C. M., Skraaning, G., Jamieson, G. A., Lau, N., Kwok, J., Welch, R., & Andresen, G.
(2008). Evaluation of Ecological Interface Design for Nuclear Process Control: Situation
Awareness Effects. Human Factors: The Journal of the Human Factors and Ergonomics
Society, 50(4), 663-679. doi:10.1518/001872008x312305
Chang, D., Fuchs, S., Milham, L., Carroll-Bell, M., & Stanney, K. (2006). Exploring eye
tracking measures to understand operator performance. Paper presented at the Human
Factors and Ergonomics Society 50th Annual Meeting.
Corrigan, N. B., & Starkey, J. D. (1984). A Concurrent General Purpose Operator Interface.
Software Engineering, IEEE Transactions on, SE-10(6), 738-748.
doi:10.1109/TSE.1984.5010302
Ding, X., Li, Z., Dong, X., Gao, Q., Song, F., & Wang, Q. (2014). Effects of information
organization and presentation on human performance in simulated main control room
procedure tasks. Human Factors and Ergonomics in Manufacturing and Service
Industries, 0(0), 1-11.
65

Endsley, M. R. (1987). SAGAT: A methodology for the measurement of situation awareness
(NOR DOC 87-83). Hawthorne, CA: Northrop Corporation.
Endsley, M. R. (1993). Situation awareness and workload- Flip sides of the same coin. Paper
presented at the International Symposium on Aviation Psychology, 7 th, Columbus, OH.
Endsley, M. R. (1996). Automation and situation awareness. Automation and human
performance: theory and applications, R. Parasuraman & M. Mouloua (Eds.), 163-181.
Endsley, M. R., & Kaber, D. B. (1999). Level of automation effects on performace, situation
awareness and workload in a dynamic control task. Ergonomics, 42(3), 462-492.
Endsley, M. R., Selcon, S. J., Hardiman, T. D., & Croft, D. G. (1998). A Comparative Analysis
of Sagat and Sart for Evaluations of Situation Awareness. Proceedings of the Human
Factors and Ergonomics Society Annual Meeting, 42(1), 82-86.
doi:10.1177/154193129804200119
Engineering Equipment and Materials Users Association (EEMUA). (1999). Alarm systems: A
guide to design, management, and procurement: Engineering Equipment and Materials
Users Association (EEMUA).
Faul, F., Erdfelder, E., Lang, A.-G., & Buchner, A. (2007). G* Power 3: A flexible statistical
power analysis program for the social, behavioral, and biomedical sciences. Behavior
research methods, 39(2), 175-191.
French, H. T., Clarke, E., Pomeroy, D., Seymour, M., & Clark, C. R. (2007). Psychophysiological measures of situation awareness Decision making in complex environments
(pp. 291-298). Hampshire, England: Ashgate Publishing Company.
Fuchs, S., Hale, K., Stanney, K., Juhnke, J., & Schmorrow, D. (2006). Augmented Cognition
Mitigation Strategies Next Generation Concepts. Submission to. Journal of Cognitive
Engineering and Decision Making.
Gartenberg, D., Breslow, L., McCurry, M., & Trafton, G. J. (2014). Situation awareness
recovery. Human Factors: The Journal of the Human Factors and Ergonomics Society,
56(4), 710-727.
Gawron, V. J. (2008). Human performance, workload, and situation awareness measures
handbook (Second ed.): CRC Press.
Hancock, P. A., & Dirkin, G. (1983). Stressor induced attentional narrowing: Implications for
design and operation of person-machine systems. Paper presented at the Proceedings of
the Human Factors Association of Canada.

66

Hancock, P. A., & Szalma, J. L. (2003). Operator Stress and Display Design. Ergonomics in
Design: The Quarterly of Human Factors Applications, 11(2), 13-18.
doi:10.1177/106480460301100205
Hart, S. G. (2006). NASA-task load index (NASA-TLX); 20 years later. Paper presented at the
Proceedings of the Human Factors and Ergonomics Society Annual Meeting.
Hatcher, L., & Stepanski, E. J. (1994). A step-by-step approach to using the SAS system for
univariate and multivariate statistics: SAS Institute.
Helander, M., Landauer, T. K., & Prabhu, P. (1997). Task, Analysis, Task Allocation and
Supervisory Control Handbook of Human-Computer Interaction (2nd ed., pp. 87-104).
Ikuma, L. H., Harvey, C., Tailor, C. F., & Hendal, C. (2014). A guide for assessing control room
operator performance speed and accuracy, perceived workload, situation awareness, and
eye tracking. Journal of loss prevention in the process industries, 32, 454-465.
Ikuma, L. H., Koffskey, C., & Harvey, C. M. (2015). A Human Factors-Based Assessment
Framework for Evaluating Performance in Control Room Interface Design. IIE
Transactions on Occupational Ergonomics and Human Factors, 2(3-4), 194-206.
doi:10.1080/21577323.2014.990589
Izarra, D. (2009). Beyond alarm management: Improving operator effectiveness. Plant
Engineering, 63, A9-A10.
Jamieson, G. A. (2007). Ecological interface design for petrochemical process control: An
empirical assessment. IEEE Transactions on Systems, Man, and Cybernetics, 37(6), 906920.
Jou, Y.-T., Yenn, T.-C., Joe Lin, C., Yang, C.-W., & Chiang, C.-C. (2009). Evaluation of
operators' mental workload of human-system interface automation in the advanced
nuclear power plants. Nuclear Engineering and Design, 239, 2537-2542.
Kim, S. K., Suh, S. M., Jang, G. S., Hong, S. K., & Park, J. C. (2012). Empirical research on an
ecological interface design for improving situation awareness of operators in a an
advanced control room. Nuclear Engineering and Design(253), 12.
Koffskey, C., Ikuma, L. H., Harvey, C., & Aghazadeh, F. (2014). Using eye-tracking to
investigate strategy and performance of expert and novice control room operators. Paper
presented at the Human Factors and Ergonomics Society Annual Meeting.
Li, X., Powell, M. S., & Horberry, T. (2012). Human Factors in Control Room Operations in
Mineral Processing: Elevating Control From Reactive to Proactive. Journal of Cognitive
Engineering and Decision Making, 6(1), 88-111. doi:10.1177/1555343411432340

67

Li, X., Sanderson, P., Memisevic, R., Wong, W., & Choudhury, S. (2006). Evaluating functional
displays for hydropower system: model-based guidance of scenario design. Cognition,
Technology & Work, 8(4), 269-282. doi:10.1007/s10111-006-0044-x
Liu, H., & Heynderickx, I. (2009). Studying the added value of visual attention in objective
image quality metrics based on eye movement data. Paper presented at the IEEE
International Conference.
McIntire, L., Goodyear, C., McIntire, J., McKinley, A. R., & Nelson, J. (2013). Eye Metrics: An
alternative vigilance detector for miltary operations. Military Psychology, 25(5), 502-513.
Mocacdieh, N. M., & Sarter, N. B. (2012). Eye tracking metrics: A toolbox for assessing the
effects of clutter on attention allocation. Paper presented at the Human Factors and
Ergonomics Society Annual Meeting.
Monsell, S. (2003). Task switching. Trends in cognitive sciences, 7(3), 134-140.
National Transportation Safety Board (NTSB). (2004). Pipeline Accident Brief. Retrieved from
Washington, D.C.:
http://www.ntsb.gov/investigations/AccidentReports/Reports/PAB0702.pdf
Pomplun, M., & Sunkara, S. (2003). Pupil dilation as an indicator of cognitive workload in
human-computer interaction. Paper presented at the Proceedings of the International
Conference on HCI.
Reising, D. V. C., & Bullemer, P. (2008). A direct perceptin, span-of-control overview display to
support a process control operator's situation awareness: A practice-oriented design
process. Proceedings of the Human Factors and Ergonomics Society Annual Meeting, 52,
267-271.
Rook, F. W., & Donnell, M. L. (1993). Human cognition and the expert system interface: mental
models and inference explanations. IEEE Transactions on Systems, Man and
Cybernetics, 23(6), 1649-1661. doi:10.1109/21.257760
Schwartz, S., Ikuma, L. H., & Harvey, C. (2015). Evaluating Control Room Interface Design and
Automation in Petrochemical Operations. Proceedings of the Human Factors and
Ergonomics Society Annual Meeting, 59(1), 1452-1456. doi:10.1177/1541931215591315
Sheridan, T. B. (1987). Supervisory control: Handbook of Human Factors/Ergonomics (In G.
Salvendy ed.). New York: Wiley Publishing.
Sheridan, T. B. (2002). Humans and automation (Vol. 3): John Wiley & Sons Inc.
Shively, R. J., Brickner, M., & Silbiger, J. (1997). A computational model of situational
awareness instantiated in MIDAS(Man-machine Integration Design and Analysis). Paper
presented at the International Symposium on Aviation Psychology, 9 th, Columbus, OH.
68

Simons, D. J., & Ambinder, M. S. (2005). Change Blindness: Theory and Consequences.
Current Directions in Psychological Science, 14(1), 44-48. doi:10.2307/20182983
Singh, I. L., Molloy, R., & Parasuraman, R. (1997). Automation-induced monitoring
inefficiency: role of display location. International Journal of Human-Computer Studies,
46, 17-30. Retrieved from
http://www.sciencedirect.com/science/article/pii/S1071581996900816
Squire, P., Trafton, G., & Parasuraman, R. (2006). Human control of multiple unmanned
vehicles: effects of interface type on execution and task switching times. Paper presented
at the Proceedings of the 1st ACM SIGCHI/SIGART conference on Human-robot
interaction.
Tharanathan, A., Bullemer, P., Laberge, J., Reising, D. V., & Mclain, R. (2012). Impact of
functional and schematic overview displays on console operators’ situation awareness.
Journal of Cognitive Engineering and Decision Making, 6(2), 141-164. Retrieved from
http://edm.sagepub.com/content/6/2/141.abstract
Tharanathan, A., Laberge, J., Bullemer, P., Reising, D. V., & Mclain, R. (2010). Functional
versus schematic overview displays: Impact on operator situation awareness in process
monitoring. Paper presented at the Human Factors and Ergonomics Society 54th Annual
Meeting.
Vachon, F., Vallières, B. R., Jones, D. M., & Tremblay, S. (2012). Nonexplicit Change Detection
in Complex Dynamic Settings: What Eye Movements Reveal. Human Factors: The
Journal of the Human Factors and Ergonomics Society, 54(6), 996-1007.
doi:10.1177/0018720812443066
Wickens, C. D., & Carswell, M. C. (1995). The proximity compatibility principle: Its
psychological foundation and relevance to display design. Human Factors, 37(3), 437495.
Wu, X. (2012). Evaluating FBTA-based user interface design for digital nuclear power plants.
Paper presented at the 11th International probalistic safety assessment and management
conference and the Annual European Safety and Reliability Conference.
Yin, S., Wickens, C. D., Helander, M., & Laberge, J. C. (2014). Predictive Displays for a
Process-Control Schematic Interface. Human Factors: The Journal of the Human Factors
and Ergonomics Society. doi:10.1177/0018720814542104
Yu, C., Wang, E., Li, W.-C., & Braithwaite, G. (2014). Pilots' visual scan patterns and situation
awareness in flight operations. Aviat Space Environ Med, 85, 708-714.

69

APPENDIX 1. INFORMED CONCENT FORM
Performance sites:
Louisiana State University
3304 Patrick F. Taylor Hall
Baton Rouge, LA 70803
Louisiana State University Department of Mechanical and Industrial Engineering, Human
Factors and Ergonomics Laboratory, 3413 Patrick Taylor Hall
Investigators: The following investigators are available for questions about this study:
Sophie Schwartz (sschw14@tigers.lsu.edu)
Laura Ikuma, PhD (likuma@lsu.edu), 225-578-5364, 2517C Patrick Taylor Hall
Craig Harvey, P.E., PhD (harvey@lsu.edu), 225-578-8761, 2519B Patrick Taylor Hall
Purpose of the Study: The purpose of this research project is to determine whether
performance, situation awareness, eye fixations, and subjective workload are effected by
interface displays types.
Subject Inclusion: Individuals who are students in the engineering statistics course (IE 3302) at
LSU, above the age of 18, and who are interested in measuring their performance during an
interface simulation may participate.
Exclusion criteria: Individuals that have the following conditions:
Uncorrected or abnormal vision in either eye
Current pain that would affect the ability to perform computer work
Neurological conditions that affect motor skills (Such as ALS)
Taking medications that affect motor skills (Such as sleeping aids, prescription pain killers, etc.)
Pregnant women
Reading ability below 8th grade level
Number of Subjects: 50
Study Procedures: You will first read this consent form and be given a verbal explanation of
the experiment. If you agree to the terms of participation, you will sign the informed consent
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form and the experiment will begin. You will receive 30 minutes of training from a research
assistant to operate an oil refinery operator simulation. You will then perform three 30 minute
sessions of simulated operation with the software, each on separate days. Your time to respond
and accuracy of responses will be recorded via keyboard and mouse data recording software.
Onscreen fixations will be recorded via desktop eye tracking equipment. Non-personal
situational awareness questions will be asked in order to monitor the participant’s awareness of
operator simulation events. After each of the three 30 minute simulations, you will complete a
NASA TLX task evaluation questionnaire provided by the research assistant.
Benefits: There are no direct benefits; however, this experiment may yield valuable information
that is helpful in improving our understanding of human computer interaction and display
interface layout design.
Compensation: At the completion of the sessions, students will receive bonus points for their IE
3302 course. Should you choose to withdraw, you will receive a portion of the bonus points for
each session completed.
Risks/Discomforts: You will be exposed to an office computer workstation setup. You will not
be exposed to more than the minimal strain associated with daily computer work. The IR light
produced by the eye tracking equipment is produced at a wavelength of 880 nanometers. This
type of light occurs naturally in sunlight and in light from incandescent lamps. You may take
breaks whenever you choose at any time during the experiment.
Right to Refuse: At any time during the experiment, you have the right to not participate or
withdraw from the study. There will be no penalties for withdrawal.
Privacy: The LSU Institutional Review Board (which oversees university research with human
subjects) may inspect and/or copy the study records.
Results of the study may be published, but no names or identifying information will be included
in the publication.
Other than as set forth above, participant identity will remain confidential unless disclosure is
legally compelled.
Withdrawal: If you choose to no longer participate in the experiment, there is no penalty, and
you will receive bonus points for each of the sessions completed.
Removal: You are expected to comply with the investigators’ instructions. If you fail to comply,
you will be removed by an investigator from the experiment, and you will be given bonus points
for the amount of time you participated.
Signatures:
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The study has been discussed with me and all my questions have been answered. I may direct
additional questions regarding study specifics to the investigators. If I have questions about
participants’ rights or other concerns, I can contact Laura Ikuma, Mechanical and Industrial
Engineering, 1 (225) 578-5364 (likuma@lsu.edu) or Dennis Landin, Institutional Review Board,
1 (225) 578-8692. I agree to participate in the study described above and acknowledge the
investigator’s obligation to provide me with a signed copy of the consent form.
___________________________________

__________________________

Subject Signature

Date

__________________________________
Printed Name
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APPENDIX 2. IRB APPROVAL CERTIFICATION
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APPENDIX 3. NASA TOTAL LOAD INDEX (NASA-TLX)
For each pair of demands, circle the demand that you feel will be a greater source of workload in
the task you are about to complete. Please refer to the description sheet for each demand if
needed.
Physical Demand

Mental Demand

Temporal Demand

Mental Demand

Temporal Demand

Physical Demand

Performance

Physical Demand

Temporal Demand

Frustration

Temporal Demand

Effort

Performance

Mental Demand

Frustration

Mental Demand

Effort

Mental Demand

Frustration

Physical Demand

Effort

Physical Demand

Temporal Demand

Performance
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Performance

Frustration

Performance

Effort

Effort

Frustration
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Workload Rating
Instructions: Place a vertical mark on each scale that represents the magnitude of
each factor in the task you just performed.
Mental Demand

Low

High
Physical Demand

Low

High
Temporal Demand

Low

High

Performance

Poor

Excellent

Effort

Low

High

Frustration Level

Low

High
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